This paper proposes several network construction methods for collections of scarce scientific literature data. We define scarcity as lacking in value and in volume. Instead of using the paper's metadata to construct several kinds of scientific networks, we use the full texts of the articles and automatically extract the entities needed to construct the networks. Specifically, we present seven kinds of networks using the proposed construction methods: co-occurrence networks for author, keyword, and biological entities, and citation networks for author, keyword, biological, and topic entities. We show two case studies that applies our proposed methods: CADASIL, a rare yet the most common form of hereditary stroke disorder, and Metformin, the first-line medication to the type 2 diabetes treatment. We apply our proposed method to four different applications for evaluation: finding prolific authors, finding important bio-entities, finding meaningful keywords, and discovering influential topics. The results show that the co-occurrence and citation networks constructed using the proposed method outperforms the traditional-based networks. We also compare our proposed networks to traditional citation networks constructed using enough data and infer that even with the same amount of enough data, our methods perform comparably or better than the traditional methods.
Introduction
Large amounts of biomedical data can now be procured in the Internet. One of the more trustworthy source of data is from the scientific community where they do research on specific topics and publish them, which is then made available on the Internet. These vast amounts of data have been used successfully in a lot of areas in biomedicine (Margolis et al., 2014; Marx, 2013; Costa, 2014) , from biocuration (Howe et al., 2008) to entity extraction (Rindflesch et al., 2000) . In this paper, we focus on the application of the social and knowledge network construction to biomedical data.
One major yet unseen problem is the contradicting problem of scarce data. In this paper, we define scarcity in two-folds: lack of value and lack of volume. Lacking in value means that it lacks the necessary information to perform the method. In the case of constructing an author citation network, scarce data may not have the author and citing author information in its metadata. Lacking in volume means that it is not big enough to uncover important knowledge. In the case of constructing an author collaboration network, scarce data may not have enough scale to detect meaningful communities.
Both of these problems in scarcity exist in rare diseases since there are still very few research regarding these diseases. In this paper, we focus on a case study on the research area on Cerebral Autosomal Dominant Arteriopathy with Subcortical Infarcts and Leukoencephalopathy, also known as CADASIL. CADASIL (Chabriat et al., 2009 ) is the most common form of hereditary stroke disorder, yet is listed as one of the many rare diseases 1 . As of the time of writing, searching for research articles regarding CADASIL in Scopus 2 gives approximately only 1100 documents compared to, for example, the approxThis work is licenced under a Creative Commons Attribution 4.0 International License. License details: http:// creativecommons.org/licenses/by/4.0/ 1 http://globalgenes.org/rarelist 2 http://www.ncbi.nlm.nih.gov/pmc/ imately 321 thousand lung cancer-related documents. Using current traditional network construction techniques on the CADASIL data may not work properly. Thus, it is necessary to create an alternative method to handle these kinds of data. This paper proposes alternative methods to constructing social and knowledge networks to handle scarce data. Instead of using the metadata information, which may not be available, we use the full text of the paper to construct networks. More specifically, instead of using the unavailable author and abstract metadata information of the cited papers, we make use of the sentences where the in-text citations are located (which in this paper we call in-text citation context). Aside from it being able to handle scarce data, it also has some other advantages:
• It can discover larger communities, which can be subtopics of the subject at hand, or connections to other subjects which are related to the subject at hand.
• In case of constructing entity co-occurrence networks, it defines a much clearer polarity on whether the entities are more significant or less significant because the number of citations received by the entity is also reflected.
• In case of constructing entity citation networks, it makes use of citation information extensively. Only the part of the cited paper aimed to cite by the citing paper is included. This is an important distinction because even though the communities become larger and may include other subjects, only the related entities are extracted.
We apply our methods to four different tasks: finding influential authors, finding important biological entities, finding meaningful keywords, and discovering trendy topics. We also present a comparative experimental study on metformin, a drug for type 2 diabetes, which was used as a case study in . We note that these tasks are presented to show comparisons between our proposed methods and the traditional methods in constructing networks. The novelty of the paper lies on the construction of entity networks through content-driven approaches.
Related work
In this section, we describe related research works on traditional social and knowledge networks and on methods that utilized in-text citation context. After Newman (2001) introduced scientific collaboration networks, it has been used to analyze the patterns (Newman, 2004) and structure (Hou et al., 2008) of scientific collaboration and coauthorship inside a research community. Hou et al. (2008) also used author collaboration networks to identify prolific authors using the centrality measures. A more recent study by used author collaboration networks to detect communities within the field. Interestingly, citation graphs where authors are the nodes are not used as much as compared to author collaboration networks. Author citation graphs have been used to define a scientist's weighting factor (Życzkowski, 2010) and to determine the citation strength of productive and highly cited authors (Ding, 2011) . Entity-based networks, such as entity co-occurrence and entity citation networks, have also been constructed manually (Callon et al., 1991; Ding et al., 2001) , using a dictionary (Pettigrew and McKechnie, 2001; Plake et al., 2006; , and using a machine learning technique Hahm and Song, 2015) to describe and measure the impact of the entity community or the entity itself and to detect the hidden knowledge between two entities.
Since there were enough data to do proper network analysis, all of the past works above used only meta information such as the paper's authors and abstracts. Only a few research works used the citation information, both the in-text citation context and the reference section of the paper (Yin et al., 2011; Jeong et al., 2014) . Yin et al. (2011) used the in-text citation contexts to model linkage information to improve the retrieval of biomedical documents. Similar as ours, Jeong et al. (2014) takes the citation information and constructs a content-based co-citation author network. They constructed an author cocitation network that considers the two authors' contents' similarity when adding edges between the two authors. In this paper, on the other hand, we propose a method to the construction of co-occurrence and This section introduces our approach to network construction compared to the traditional approaches. Figure 1a shows where the traditional methods extract the nodes or the entities used to construct the network. More generally, traditional methods get their entities from the metadata information. Authorbased networks are constructed from the authors (highlighted orange in Figure 1a ) of the paper and entitybased networks are constructed from the abstract of the paper. For example, the traditional method in constructing author collaboration networks creates edges between authors extracted from the author lists of the papers. Also, the traditional method in constructing entity-entity citation networks creates edges between entities (highlighted blue in Figure 1a ) found in the two abstracts of the papers. The problem lies within the volume and the availability of these metadata information in scarce data. Networks constructed with little data cannot uncover important knowledge.
Full text-based methods
In this paper, we present a network construction method that uses the full texts instead of the available metadata information. Figure 1b shows the location where the full text-based methods extract their entities.
Co-occurrence networks
The full text-based method for constructing a co-occurrence network is similar to the traditional method. The only difference is the location where the entities are extracted. In the case of the author collaboration networks, instead of looking at the authors of the paper, we look at the reference section to extract the authors (highlighted orange in Figure 1b ) from the references. One reference citation has one list of authors. A weighted edge is then created between two authors that belongs to one list. Note that if the edge already exists in the graph and another edge between two authors is created, the weight of the existing edge is increased by one. The main advantage of this method is that the constructed collaboration network reflects the number of citations the authors received. This makes it possible to define a much clearer polarity between prolific and non-prolific authors.
In the case of the entity co-occurrence networks, we look at the in-text citations to locate the chunks of text that the citing paper referenced the cited paper. From these chunks of text, we then extract the other entities such as the topic, the keywords, or the biological entities. After extraction, each chunk of text has its list of entities. A weighted edge is then created between two authors that belongs to one list.
Citation networks
The main disadvantage of the traditional method in constructing a citation network is the fact that it needs the citation information between two papers as a metadata information. If the author and abstract information of the cited papers are not available, citation networks cannot be constructed using the traditional method.
Our method does not need the citation information as a metadata information. In the case of the author citation networks, we create a directed weighted edge from each of the authors from the metadata information (orange in Figure 1a) to each of the authors from the reference section of the paper (orange in Figure 1b ). In the case of the entity citation networks, we create a directed weighted edge from each of the entities extracted from the abstract (blue in Figure 1a ) of the paper to each of the entities extracted from all the in-text citation contexts (blue in Figure 1b ).
Entity extraction
The full text-based methods need to extract the entities to construct the networks. The authors are gathered from the author metadata information and from the reference section of the full text paper. All the other entities are extracted from the abstract and the in-text citation context.
Author extraction
In order to extract the authors from the reference section, it is necessary to take note of the many different styles of citations. Thus, we use an automatic machine learning method to extract the authors from the reference section. We sample a few reference section and manually tag the authors for each reference citation. We then feed them as input for our machine learning model. We use ABNER (Settles, 2005) to create a new linear-chain conditional random field (CRF) based entity extraction where the entity used is only the author. After training, the f1-score of the model is 99.3% with precision of 99.31% and recall of 99.29%. For papers with authors more than 11, we only extract the first 10 and the last author, following the sequence-determines-credit (SDC) and the first-last-author-emphasis (FLAE) approach to author credit contribution (Tscharntke et al., 2007 ). The author names are then formatted as FN LASTNAME where FN contains the first name initials and LASTNAME is the last name of the author.
Bio-entity extraction
There are multiple types of biological entities from diseases and genes to chemicals and proteins. We use PKDE4J , a biological entity extraction text mining system that synthesized the extraction of 127 types of biological entities obtained from the UMLS semantic groups. Out of the two available methods, we make use of the machine learning-based entity extraction. Since the extracted entities are not preprocessed, we do simple preprocessing techniques by removing the non-alphanumeric symbols, removing multiple whitespaces, and lemmatizing the words using Stanford CoreNLP (Manning et al., 2014) .
Keyword extraction
We also extract keywords from the text automatically by using the rapid automatic keyword extraction (RAKE) algorithm (Rose et al., 2010) . RAKE is an unsupervised domain-and language-independent method for extracting keywords by making use of a generated stoplist which makes it usable for different domains and languages. In this paper, we use the SMART English stopword list provided by Salton et al. (1975) as the stoplist. After the extraction, we use the same techniques in Section 3.3.2 to preprocess the extracted keywords.
Topic extraction
Topics are extracted using the latent Dirichlet allocation (LDA) topic model (Blei et al., 2003) . LDA is a topic modeling technique that infers each document its own topic given the words of each document and two Dirichlet priors α and β. We set the number of topics to 500 and the number of iterations to 5000. We set the Dirichlet priors α = 1 and β = 0.01. The LDA topic model returns a document-topic distribution. From this distribution, we get the two topics with highest probabilities for each abstract and 
Experiments 4.1 Dataset
We gather our datasets from PubMed Central (PMC). We use the query term cadasil to get the papers' author information and abstract from MEDLINE and PubMed Central IDs directly from PMC. Using the PMCIDs, we obtain the full text, excluding the abstract and including the reference section. From the full text, we extract the in-text citation context with the guidance from the reference section. The citation context contains at most 60 tokens: from the in-text citation, thirty tokens to the left or until the end of the paragraph, and thirty tokens to the right or until the end of the paragraph. Multiple networks are then created using the methods described in Section 3. Table 1 shows the statistics of the networks created. There are a total of 10 networks: three traditional co-occurrence networks, three full text-based co-occurrence networks, and four full text-based citation networks. Since the paper's citation information is not available, citation networks using the traditional method is not possible. The difference in the size of the traditional and the full text-based networks can be clearly seen.
PageRank (Page et al., 1999 ) is then calculated for each node for each network. We follow Chen et al. (2007) in their use of δ = 0.5 for PageRank in scientific documents, from the assumption that readers of scientific papers are more likely to jump randomly to a new document compared to web surfers.
We emphasize that the experiments below are shown to provide comparisons between the traditionalbased network construction methods and our proposed methods.
Finding prolific authors
Collaboration networks and citation networks can be used to find prolific authors (Chiang et al., 2013; Garfield, 2006) . Prolific authors are authors who stand out based on their research output and contributions (Hasselback et al., 2003) . We compare the results of the three different author-based networks by sorting the nodes of each network by their PageRank scores in descending order. We then calculate two metrics to measure author prolificity based on the information on Scopus 3 h-index, a widely used authorlevel metric and the quotient of the total citations over the number of documents the author has (c/d metric). The second metric reflects prolificity more; an author is still influential if it has little documents with many citations. We then compute the average of the metrics of the first 10 authors for evaluation. Table 2 shows the results of the experiments. It is shown clearly that the traditional co-occurrence network is inferior compared to the two full text-based networks in terms of the average h-index and the average c/d metric. In terms of the average h-index, the full text-based citation network is the more superior network. This means that author citation graph is better in finding prolific authors if we need to also consider productivity. In terms of the average c/d metric, the full text-based co-occurrence network is the more superior network. This means that the full text-based author collaboration network is better in finding prolific authors that emphasizes on the citation impact of the documents and does not consider productivity. Table 3 : Extracted biological entities per method traditional co-occurrence notch3, vascular dementia, stroke, hypertension, alzheimer's disease, migraine, disease, vascular lesion, ischemia, notch1, multiple sclerosis, amyloid angiopathy, lacunar infarct, diabetes, single gene disorder, genetic disorder, atherosclerosis, allele, vascular, cortex full text-based co-occurrence notch3, notch1, notch2, stroke, alzheimer's disease, hypertension, multiple sclerosis, vascular dementia, dll4, jag1, ischemic stroke, amyloid angiopathy, migraine, disease, dll1, fabry disease, human disease, carasil, lacunar stroke, atherosclerosis full text-based citation notch3, stroke, hypertension, caa, alzheimer's disease, notch1, migraine, atherosclerosis, vascular dementia, lacunar infarct, disease, vascular lesion, cvd, diabetes, notch2, cortex, ischemia, dll4, skin, brain atrophy
Finding important biological entities
We can also find important biological entities using co-occurrence and citation networks (Plake et al., 2006; . We compare the results of the three different bio-entity-based networks by sorting the nodes of each network by their PageRank scores in descending order. We then remove all the other bio-entities and leave only the genes and diseases. For evaluation, we compare the first 20 bio-entities to MalaCards (Rappaport et al., 2013) , a disease database that records related genes and diseases. Table 3 shows the results of the experiments. The bold-faced entities are the important bio-entities. The traditional co-occurrence network provides the least number of important bio-entities with only nine entities found. Both the full text-based co-occurrence and the full text-based citation network found 12 important bio-entities. Interestingly, the co-occurrence network found one more gene (jag1) than the citation network.
Finding meaningful keywords
The keywords automatically extracted by the RAKE algorithm (Rose et al., 2010 ) may be general keywords and/or are not specific to our CADASIL dataset. The networks can be used to find the most meaningful keywords among the extracted keywords. We compare the results of the three different keyword-based networks by sorting the nodes of each network by their PageRank scores in descending order. For evaluation, we compare the first 20 keywords to MalaCards (Rappaport et al., 2013) , which also contains other information regarding CADASIL. Table 4 shows the results of the experiments. The bold-faced keywords are the meaningful extracted keywords. It is distinctly clear that the traditional-based method did not produce a lot of meaningful keywords, only extracting five. On the other hand, the full text-based co-occurrence network produced 14 meaningful keywords out of the 20 keywords extracted while the full text-based citation network produced 13 meaningful keywords out of the 20 keywords extracted.
Discovering influential research topics
Using the full text-based topic citation network, we can discover the top influential topics (Lee et al., 2016) . Influential topics are topics that are frequently cited by other papers. In this paper, we present the influential topics in CADASIL research. Table 5 contains the top five influential topics based on PageRank. The most influential topic in CADASIL research is the research related to the cardiovascular disease (CVD) risk factors, such as high blood pressure, cholesterol, obesity, smoking, lack of physical ability and diabetes. The next most influential topic in CADASIL research is the research regarding notch signaling and how it regulates the differentiation of neural stem cells. The next three influential topics are case reports, research works on white matter hyperintensities (WMH) in small vessel diseases (SVD), and research works on cognitive impairment. 
Metformin scarce data
In this section, we use Metformin as our data. Although Metformin is a widely research area in Medicine, we only use the first 1000 documents searched from the PubMed Central website to recreate a Metformin scarce data. We compare our methods to the traditional entity-entity citation network in . They constructed the network using all the data found in the PMC website and used the abstracts of all the papers to extract the entities. Their results are then sorted using out-degree centrality. In this comparison, we use only the genes as the entities of our graph. Table 6 shows the results of the experiments. The results in produced four related genes. It is clearly better compared to the traditional co-occurrence citation network with only two produced related genes. This is mainly because of the scarce data problem. However, both full textbased co-occurrence network and full text-based citation network produced five related genes, one more than the entity-entity citation network in . This infers that even in the same setting with the same amount of data, the performance of the full text-based networks is comparable to or better than the performance of the traditional-based networks.
Conclusion
In this paper, we proposed an alternative method to constructing co-occurrence and citation networks. Instead of extracting entities from the given author and abstract metadata information, we proposed to look at the full text's reference section for the authors and the in-text citation context for the biological entities, keywords and topic. We especially recommend in using this to scarce data, where there is a lack in volume and in value. The advantages are three-fold: larger communities, clearer polarity, and citation emphasis.
We applied this method to research on CADASIL, a rare disorder. We constructed three co-occurrence networks (author, bio-entity, and keyword) and four citation networks (author, bio-entity, keyword, and topic) using the said method. We used it to different kinds of applications: finding prolific authors, finding important biological entities, finding meaningful keywords, and discovering influential topics. Compared to the traditional methods, full text-based methods perform noticeably better in finding significant entities. We also compared our method to the traditional-based entity-entity citation network in and found out that even with the same quantity of data, the proposed full text-based network construction method is comparable to or better than the traditional-based network construction methods.
It is to note that looking at the full text instead of just the metadata information provides a more profound and defined analysis from the research articles. For future work, we can apply the methods and create a system to extract different kinds of entities from the full text and automatically construct the different kinds of networks given a set of research articles regarding a specific research area. This would further the research in biomedicine especially on rare diseases, genes, or chemicals.
